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Abstract 

Building target-mediated drug disposition (TMDD) models involves many repetitive, error-prone steps. We 

developed Kratos, a proof-of-concept auditable agentic workflow in which a deterministic controller 

dispatches specialised agents for data validation, model specification, bounded multistart calibration with 

an adaptive rules planner, nlmixr2 FOCEi population estimation, diagnostics and reporting, and records 

every decision and numerical attempt. All analyses used the rules planner; no large language model (LLM) 

was called. Kratos was verified by cross-engine comparison, an automated test suite and recovery of 

known parameters from simulated data, and was applied to 143 published mean concentration–time 

profiles of 36 human monoclonal antibodies, split by molecule into two parts that were analysed 

independently and used to predict each other. On simulated data all 6 estimated typical parameters were 

recovered within 9% of truth, Python and R predictions agreed to a relative difference of 1.2 × 10-6 or less, 



and 54/54 automated tests passed. For the antibody data, linear disposition and absorption parameters 

were consistent across parts (clearance 0.188 and 0.268 L/day; bioavailability 0.71 and 0.84), whereas 

target-mediated parameters were not identifiable; the Part B covariance step failed and was flagged. Each 

part’s model predicted the other part’s unseen molecules with median fold errors of 1.29 and 1.35. The 

workflow ran from raw data to report without analyst intervention and kept numerical failures visible. 

Accuracy and reproducibility were supported; an efficiency advantage of adaptive over fixed multistart 

planning was not demonstrated. 

Keywords: Target-mediated drug disposition; Monoclonal antibodies; Agentic workflow; Automation; 

nlmixr2; Reproducibility 

Introduction 

Target-mediated drug disposition (TMDD) describes the nonlinear pharmacokinetics (PK) that arise when 

a drug binds its pharmacological target with high affinity and the drug–target complex is eliminated [1]. 

TMDD is common among therapeutic monoclonal antibodies (mAbs), whose disposition combines linear, 

FcRn-protected catabolism with saturable target-mediated elimination [2–5]. The full TMDD model and its 

quasi-equilibrium, quasi-steady-state and Michaelis–Menten approximations are well characterised [6–8], 

as are their characteristic profiles and the conditions under which their parameters can be identified [9]. 

Fitting these models in practice is laborious. An analyst must reconcile units and molecular weights, 

encode dosing events, choose initial estimates for a stiff ordinary differential equation (ODE) system with 

up to eleven structural parameters, run multistart optimisation, carry candidate solutions into nonlinear 

mixed-effects estimation, review convergence, covariance, shrinkage and residual diagnostics, and 

document every decision [10–12]. Each step is a potential source of error, and quality-control guidance 

stresses traceability from source data to reported result [13, 14]. 

Automation of pharmacometric model development has so far focused mainly on searching model 

structure. Examples include genetic-algorithm and machine-learning model selection [15–17] and fully 

automatic population PK model development [18]. More recently, large language models (LLMs) and 

“agentic” systems, in which a model plans and invokes tools [19], have been explored for writing and 

interpreting NONMEM code and for orchestrating analyses [20–24]. PKGPT uses an LLM agent to 

generate, execute and refine NONMEM population PK models, with evaluation against human expert 

models [24]. GRASP, reported as a preprint, uses graph-based agents to construct and modify 

mechanistic quantitative systems pharmacology (QSP) models, including TMDD extensions, through 

natural-language interaction and MATLAB/SimBiology execution [25]. These developments motivate 

explicit verification of both the numerical analysis and the decisions made during automated workflows. 

We developed Kratos as a proof-of-concept workflow for auditable estimation with a fixed, approved full 

TMDD model. Its contribution is the integration of bounded multistart calibration, nonlinear mixed-effects 



estimation, cross-engine numerical verification and failure reporting within a reproducible path from input 

data to report. A deterministic controller validates every proposed action and records every numerical 

attempt. The present evaluation uses a deterministic rules planner; the optional LLM planner is outside its 

empirical scope. Our central hypothesis was that such a constrained, auditable workflow can reduce the 

analyst effort needed to calibrate and estimate TMDD models while preserving (H1) estimation accuracy, 

(H2) numerical reliability and (H3) reproducibility, and that (H4) its adaptive planner reaches acceptable 

fits more efficiently than a non-adaptive multistart baseline. Here we describe the workflow, report its 

verification on simulated data, apply it to a pooled set of published human mAb mean PK profiles with an 

out-of-sample test, and evaluate each sub-hypothesis, including those that were not supported. 

Methods 

Workflow architecture 

Kratos is implemented in Python with an R back end (Fig. 1). A deterministic controller (the orchestrator) 

executes a fixed sequence of stages: data validation, raw-data graphics, model specification, calibration, 

population estimation, diagnostics and reporting. It dispatches each stage to a specialised agent. Here, an 

agent is a task-specific software component operating through explicit input and output contracts; agentic 

describes bounded coordination and feedback-driven action selection. In the evaluated implementation, 

these components use programmed rules and numerical tools. Agents communicate only through typed 

action and result objects that are validated against JSON schemas before execution; for example, a 

proposed calibration start is rejected if it lies outside the declared bounds or modifies a fixed parameter. 

Budgets (number of attempts, function evaluations, wall time) and stopping rules are enforced by the 

controller, not by the agents. An optional LLM planner can be enabled for calibration. It receives only an 

approved diagnostic summary (no subject-level records), must return schema-valid JSON, and falls back 

to the deterministic rules planner on any invalid or missing response. All analyses in this report used the 

deterministic rules planner, and no LLM call was made. The evaluation therefore concerns rules-based 

orchestration and adaptive heuristics, without evaluating LLM reasoning or autonomous model generation. 

Each run is stored in its own directory. The directory contains the original inputs and their SHA-256 

hashes, the normalised dataset and subject-ID map, a configuration snapshot, all random seeds, a hash 

of the source code, an append-only audit log, the complete calibration history, the nlmixr2 fit object, tables, 

every figure together with the data used to draw it, a self-contained report and a checksummed manifest. 

Figures and reports can be regenerated from saved results without refitting. Runs can be resumed or 

cancelled without losing completed work. 



 

Fig. 1 Architecture of Kratos. A deterministic controller dispatches six agents through typed, schema-validated action 
and result contracts and enforces budgets, stopping rules and bounded retries. The calibration agent iterates a 
propose–validate–execute–diagnose loop with an adaptive rules planner. The reported analyses used this 
deterministic planner; the optional LLM planner was not invoked. All inputs, decisions, attempts (including failures), fits 
and figure data are written to a hashed, checksummed run store. 

Data handling 

The data agent maps user columns to a canonical event schema, derives dosing events (intravenous [IV] 

bolus, finite infusion, repeat dosing via additional-dose records, and subcutaneous [SC] dosing into a 

depot), and converts all quantities to hours, nmol and nmol/L using analyst-declared units and molecular 

weights. Every conversion is recorded. Records that the model cannot represent faithfully are rejected 

with row- and field-specific messages, including steady-state shortcuts, modelled rates, unknown routes, 

inconsistent infusion rate and duration, censored records and non-positive concentrations. Suspicious 

records (for example, time inversions or unexpected rises after a single IV dose) are flagged for review 

and never deleted. 

Structural and statistical model 

All analyses used an approved, versioned template (tmdd2c_full v1.1.0): a two-compartment full TMDD 

model with 1:1 binding in the central compartment and a first-order SC absorption depot [1]: 𝑑ܣௗ𝑑ݐ = −݇௔ܣௗ  (SC dose × ݐ௖𝑑ܣௗ)𝑑ܣ enters ܨ = ݇௔ܣௗ + Inputூ௏(ݐ) − ܥ ܮܥ − ܥ) ܳ − (௣ܥ − ௖ܸ  (݇௢௡ ܴ ܥ  − ݇௢௙௙ ݐ௣𝑑ܣ𝑑(ܥܴ  = ܥ) ܳ − ݐ௣)𝑑𝑑ܥ = ݇௦௬௡ − ݇ௗ௘௚  ܴ − ݇௢௡ ܴ ܥ  + ݇௢௙௙ ݐ𝑑ܥ𝑑ܴܥܴ  = ݇௢௡ ܴ ܥ  − (݇௢௙௙ + ݇௜௡௧) ܴܥ
 

where ܥ = /௖ܣ ௖ܸ is the free drug concentration, ܥ௣ = /௣ܣ ௣ܸ, ܴ and ܴܥ are the free-target and complex 

concentrations, and ݇௦௬௡ = ݇ௗ௘௚ܴ0, so that the drug-naive baseline is ܴ(0) = ܴ0. Observations were 



mapped to free drug ܥ. Between-subject variability was log-normal, ߠ௜ = ߟ with (௜ߟ)௣௢௣expߠ ∼ ܰ(0, Ω) and Ω diagonal. Residual error was log-normal, logݕ = log݂ + ߝ with ߝ ∼ ܰ(0,  Structural changes to the .(2ߪ

template require a new version and an analyst decision that is recorded in the configuration. 

Calibration 

Pooled calibration (one parameter set for all individuals, no random effects) supplied starting values for 

population estimation. The objective was the sum of squared log residuals, which corresponds to the log-

normal residual model. Each attempt was minimised with a bounded trust-region reflective least-squares 

algorithm [26, 27] in log-transformed (logit for ܨ) parameter space. The first round consisted of the 

analyst’s initial values plus Latin hypercube points [28] spanning the declared bounds. 

The adaptive rules planner then proposed further starts from the accumulated history: 

• if no attempt had succeeded, failed starts were moved halfway toward the centre of the bounds; 

• otherwise, a parameter that ended near a bound (within 2% of its log- or logit-transformed range) 

was pulled back toward the centre to test whether the boundary solution persisted; 

• local perturbations were drawn around the best fit, with a spread that shrank as successful 

attempts accumulated and that excluded neighbourhoods of failed starts; 

• one unused Latin hypercube point was added per round for global exploration. 

The non-adaptive baseline (fixed planner) consumed only Latin hypercube points. Calibration stopped 

when the attempt, evaluation or time budget was exhausted, when the best objective had been 

reproduced within 0.1% by a prespecified number of independent starts, or when it had not improved by 

more than 0.1% over a window of successful attempts. Every attempt was recorded with its start values, 

result, number of evaluations, run time and messages. 

Population estimation 

Up to three distinct, ranked calibration optima were translated into nlmixr2 models [29], using rxode2 for 

the ODE solution [30]. Thetas were placed on the log or logit scale within the declared bounds, and fixed 

parameters used fix(). The models were fitted by first-order conditional estimation with interaction (FOCEi) 

[31], with the sandwich covariance matrix (r,s) and the LSODA solver [32] (relative and absolute 

tolerances 10−8 and 10−10). Candidates were tried in rank order with bounded retries, and the first fit with 

a finite objective function value (OFV) was accepted. Wald 95% confidence intervals (CIs) were computed 

on the estimation scale and back-transformed. Relative standard errors (RSEs) were obtained on the 

parameter scale by the delta method. 

Diagnostics 

The diagnostics agent assessed: 

• optimiser convergence and the covariance step; 



• RSEs and the proximity of estimates to their bounds; 

• parameter correlations and η-shrinkage [11]; 

• conditional weighted residuals (CWRES) against time and population prediction [33]; 

• a visual predictive check (VPC) with 200 replicates that preserved each individual’s dose history, 

stratified by route (mAb data) or design group (simulated data), dose-normalised for the mAb data, 

and binned at quantiles of observation time [34]. 

Review flags were raised for RSE > 50%, shrinkage > 30%, |correlation| > 0.95, an estimate within 2% of 

the transformed parameter range from a bound, |Spearman ρ| > 0.3 between CWRES and time or 

prediction, or more than 20% of observed percentile points outside the simulated 95% CIs. These 

thresholds are heuristic prompts for scientific review, not acceptance criteria. Kratos does not declare a 

model valid. 

Verification studies 

Cross-engine agreement. The Python engine (SciPy BDF solver) and the R engine (rxode2) were 

compared on identical events and parameters. Four cases were run: typical parameters under pre- and 

post-dose conventions, a high-capacity target, and the 36 individual parameter sets of the simulated 

dataset. The prespecified criterion was |difference| ≤ 10−6 nmol/L + 10−4 × |value|. 

Automated tests. A pytest suite covered: 

• hand-checkable dosing and mass-balance cases; 

• rejection of invalid inputs; 

• planner contracts and optional LLM-interface guardrails (using mocked responses, without a live 

LLM); 

• cancellation and resume; 

• exclusion of credentials from exports; 

• seed reproducibility; 

• regeneration of all outputs without refitting. 

Parameter recovery. 36 subjects in six design groups were simulated from known typical parameters: 

• IV bolus 0.1, 0.3 and 1 mg/kg; 

• 1-h infusions of 3 and 10 mg/kg; 

• 1 mg/kg every 2 weeks for three doses, with pre-dose troughs. 

The simulation used log-normal between-subject variability on CL, ௖ܸ and ܴ0 (߱2 = 0.09, 0.04 and 0.09) 

and a log-normal residual SD of 0.1. Binding and turnover constants (݇௢௡, ݇௢௙௙, ݇ௗ௘௚) were fixed at their 

true values. Samples below 0.05 nmol/L (111 samples) were not recorded, because censored-data 



likelihoods were outside the scope of this version. Recovery was prespecified as successful if every 

estimated typical value lay within ±25% of truth. A subject-level nonparametric bootstrap [35] refitted 

FOCEi to resampled datasets with dose histories preserved. 

Reproducibility. All three analyses reported here were run twice, as independent end-to-end executions 

from the same data, configuration and seeds, and the saved estimates were compared. 

Application: human mAb mean PK profiles 

The application reused the clinical mAb PK database assembled by Desai and Cristofoletti for their low-

dimensional neural ordinary differential equation (NODE) study [36]. The database comprised 1,423 

concentration observations from 143 published mean concentration–time profiles of 36 therapeutic mAbs 

studied in humans after IV or SC administration. Each profile represented one molecule, dose and route. 

The underlying clinical publications and regulatory review documents are identified in Table 1 and the 

reference list of the companion manuscript [36]. 

The database-building strategy followed the inter-antibody PK workflow of Kumar et al. [37]. Profiles were 

selected from publicly available clinical pharmacology publications and regulatory reviews when they 

provided sufficient concentration–time information to characterise disposition and, for SC administration, 

absorption. Trough-only profiles were excluded. For multiple-dose studies, data from the first dosing cycle 

were used. Published PK profiles were digitised using WebPlotDigitizer (version 5.2) [38] and compiled 

into a harmonised dataset. Trastuzumab was not included [36]. 

For the Kratos analysis, the full database was repartitioned independently of the NODE study’s 31-

antibody training and five-antibody test split. Profiles were assigned to two parts by a seeded (seed 

20260929), molecule-grouped, balanced split, so that all doses and routes of an antibody fell into the 

same part and the two parts shared no molecule. Part A comprised 72 profiles (59 IV, 13 SC) of 19 

molecules and Part B comprised 71 profiles (58 IV, 13 SC) of 17 molecules (Online Resource 1). 

For the Kratos reanalysis, the analyst specified the following data-harmonisation and observation-model 

settings in the configuration: 

• time in hours, amounts in µg and concentrations in µg/mL; 

• a molecular weight of 150 kDa for every antibody; 

• an assay measuring free drug; 

• IV doses treated as boluses; 

• drug-naive baseline target levels. 

These settings distinguish the harmonised input units from the common molecular weight, free-drug 

observation model, bolus approximation for IV administration and baseline-target assumptions used in 



Kratos. The latter assumptions were not established as molecule- and study-specific properties by the 

companion dataset description [36]. 

Four source rows that carried both a dose and a time-zero concentration were split into a dose record and 

an immediately post-dose observation. Because the data contain no target measurements and the targets 

differ between molecules, ݇௢௡ (1 L·nmol⁻¹·h⁻¹), ݇௢௙௙ (0.1 h⁻¹) and ݇ௗ௘௚ (0.1 h⁻¹) were fixed at generic 

values. CL, ௖ܸ, Q, ௣ܸ, ݇௜௡௧, ܴ0, ݇௔ and F were estimated, with random effects on CL, ௖ܸ and ܴ0. Because 

each “individual” is a mean profile, Ω describes between-profile variability that combines differences 

between molecules, studies, doses, routes, study populations, assays and digitisation, rather than 

between-patient variability [36]. Standard errors do not reflect the number of patients behind each mean. 

Each part was analysed independently with identical configurations except for the input file. 

Out-of-part prediction. The typical values, Ω and residual SD estimated from one part were used to 

simulate the other part’s dosing design (200 replicates). Population predictions were compared with 

observations using the median fold error (MFE; the exponential of the median absolute log error [39]), the 

fraction of observations within two-fold, and the coverage of the 90% prediction interval (PI). 

Planner evaluation (H4) 

The adaptive rules planner and the fixed Latin hypercube baseline were compared on replicated simulated 

datasets (same design, four subjects per design group) generated with new seeds (five replicates in each 

setting). In each replicate, both arms used the same data, model, bounds, evaluation budget, stopping 

rules and calibration seed. Two settings were studied: 

• Default: the analyst’s initial values plus three Latin hypercube points in the first round, with early 

stopping. 

• Stress: a poor initial guess far from the truth (ܴ0 = 90 vs. 2 nmol/L; ݇௜௡௧ = 4 vs. 0.05 h⁻¹), a smaller 

first round (one Latin hypercube point) and two attempts per round, which made failed attempts 

more likely. 

The LLM-assisted arm was not run. This comparison evaluates deterministic rules-based adaptation 

against fixed multistart planning. 

Software 

Analyses used: 

• Python 3.12.0 with NumPy 1.26.4 [40], SciPy 1.14.1 [27], pandas 2.2.2 and Matplotlib 3.9.1; 

• R 4.5.1 [41] with rxode2 5.1.6, nlmixr2 4.0.1 and nlmixr2est 4.1.0; 

• Quarto 1.10.18 for reporting [42]. 



Computations ran on a 12-core Windows 10 workstation. Numerical analysis results, including those 

reported in the text, are read from saved run artifacts by a script distributed with the code; dataset 

provenance and acquisition methods are reported from the companion manuscript [36]. 

Results 

Platform verification (H1–H3) 

All 1362 cross-engine comparisons in 4 cases met the prespecified criterion, with a maximum relative 

difference of 1.2 × 10-6 between the Python and R predictions. The automated suite passed 54 of 54 tests 

(0 skipped), including LLM-interface guardrail tests with mocked responses. These tests do not establish 

the performance of a live LLM planner. 

On the simulated dataset (36 subjects, 387 observations), calibration stopped after 6 attempts (4 

succeeded). FOCEi converged (relative convergence (4)) with a successful covariance step. All 6 

estimated typical values were within 8.6% of truth, meeting the ±25% criterion (Table 1, Fig. 2a). The true 

value lay inside the Wald 95% CI for 5 of 6 parameters; the exception was Q (estimate 0.0326 vs. true 

0.03; error 8.6%), whose narrow interval excluded the truth. Variance components were estimated less 

accurately: the estimated ω² was 0.034 for CL (true 0.09), 0.033 for Vc (true 0.04) and 0.073 for R0 (true 

0.09), and the residual SD was 0.099 (true 0.1). In the bootstrap, 5 of 8 replicates converged; the 

remainder ended with ‘false convergence’ and were excluded rather than repaired. The bootstrap 

percentile intervals agreed with the Wald intervals (Fig. 2a). The VPC reproduced the observed 

percentiles in all six design groups (4% of percentile points outside the simulated intervals; Fig. 2b), and 

the fit raised 0 critical and 0 warning flags. 

The repeated, independent executions of all three analyses reproduced the calibration histories exactly, 

and all parameter estimates and OFVs were identical to full numerical precision. 



 

Fig. 2 Verification on simulated data with known parameters. a Ratio of estimate to true value for the estimated typical 
parameters (circles, FOCEi with Wald 95% CI; squares, bootstrap median with percentile 95% interval); the shaded 
band marks the prespecified ±25% recovery criterion. b Visual predictive check by design group (200 replicates): 
observed 5th, 50th and 95th percentiles (lines) and simulated 95% CIs of the same percentiles (shaded). 

  

Table 1 Recovery of known typical parameters from the simulated dataset (FOCEi). CI, Wald 95% confidence interval; 
bootstrap, percentile 95% interval from successful bootstrap replicates. 

Parameter Unit True Estimate RSE (%) 95% CI 
Bootstrap 95% 

interval 
Error (%) 

CL L/h 0.01 0.0101 4.7 
0.00919–
0.0111 

0.00951–0.0105 0.8 

Vc L 3 3.04 3.1 2.86–3.24 2.9–3.23 1.5 

Q L/h 0.03 0.0326 3 0.0307–0.0346 0.0312–0.0337 8.6 

Vp L 2.5 2.61 3.2 2.46–2.78 2.57–2.68 4.5 

kint 1/h 0.05 0.0525 3.5 0.0491–0.0562 0.0509–0.0559 5.1 

R0 nmol/L 2 1.88 5 1.7–2.08 1.74–2.05 -6 
 

Application to the mAb dataset 

Both parts passed validation; only review flags were raised, and no record was deleted. The flags covered 

combined dose and observation rows (split), time inversions from digitisation (sorted, with the original 

preserved), one IV profile with a late rise in Part A, and the aggregate-data notice. Part A contained 744 

observations (median 10.5 per profile; doses 0.7–8,400 mg) and Part B contained 679 (median 9; 2.1–



10,800 mg). After dose-normalisation, the profiles of the two parts overlapped, with biphasic IV decline 

and SC peaks within the first weeks (Fig. 3). 

In Part A, calibration ran 8 attempts (8 succeeded) and stopped on numerical success; the pooled optima 

formed 1 distinct solution (Fig. 7a). In Part B, calibration ran 8 attempts (7 succeeded) and stopped on 

plateau; the pooled optima formed 3 distinct solutions (Fig. 7a). Both pooled optima placed most 

elimination on the linear pathway (R0 0.018 and 0.28 nmol/L), which is expected when molecules with 

different targets share one parameter set. 

FOCEi converged in both parts (relative convergence (4); relative convergence (4)). The Part A 

covariance step succeeded and the Part B covariance step failed because kint converged to its lower 

bound (0.0001 h⁻¹). Kratos reported this as a critical review flag and did not suppress or re-run it. 

Estimation took 63 and 34 min, respectively. Table 2 summarises the estimates. 

The linear disposition and absorption parameters were well determined and consistent between the 

independently analysed parts. Typical CL was 0.188 L/day in Part A (95% CI 0.175–0.202) and 0.268 

L/day in Part B. Vc was 3.08 and 3.50 L, and Vss was 5.7 and 5.8 L. The terminal half-lives implied by the 

linear two-compartment parameters were 22.8 and 16.5 days. The absorption rate constant ka was 0.209 

and 0.304 day⁻¹ and bioavailability F was 0.71 and 0.84. These values are close to published typical 

values for IgG mAbs: a pooled first-in-human analysis of four mAbs reported CL 0.200 L/day, Vc 3.61 L, Vp 

2.75 L, ka 0.282 day⁻¹ and F 0.744 [43], and a review of population analyses reported median central and 

peripheral volumes of 3.1 and 2.8 L and linear clearances of 0.2–0.5 L/day [4, 5]. In contrast, the target-

mediated parameters were poorly identified. In Part A, kint had an RSE of 93% and R0 an RSE of 66%, 

with η-shrinkage on R0 of 86%. In Part B, kint reached its bound and the R0 shrinkage was 67%. Between-

profile variability in CL was 26% CV in Part A and 68% CV in Part B. 

 

Fig. 3 Observed dose-normalised mean concentration–time profiles of the mAb dataset after IV (circles) and SC 
(triangles) administration for a Part A and b Part B (molecule-disjoint, analysed independently). 



  

 

Table 2 FOCEi estimates for the two independently analysed parts of the mAb dataset. Parameters are on the model 
(hourly) scale; kon, koff and kdeg were fixed. RSE, relative standard error (delta method); CI, Wald 95% confidence 
interval; BPV, between-profile variability (CV%); –, not available because the covariance step failed. 

Paramete
r 

Unit 
Part A 

estimate 

Part A 
RSE 
(%) 

Part A 95% 
CI 

Part A 
BPV / 

shrinkag
e (%) 

Part B 
estimate 

Part B 
RSE 
(%) 

Part B 
95% CI 

Part B 
BPV / 

shrinkag
e (%) 

CL L/h 0.00783 3.8 
0.00727–
0.00843 

26 / 9 0.0112 – – 68 / 2 

Vc L 3.08 3.3 2.88–3.28 28 / 9 3.5 – – 69 / 2 

Q L/h 0.0214 14.5 
0.0161–
0.0285 

– 0.0184 – – – 

Vp L 2.63 5.0 2.39–2.91 – 2.26 – – – 

ka 1/h 0.00869 11.3 
0.00696–

0.0108 
– 0.0127 – – – 

F – 0.705 5.9 0.618–0.78 – 0.835 – – – 

kint 1/h 0.000396 93.0 
6.4e-05–
0.00245 

– 0.0001 – – – 

R0 nmol/L 0.0058 65.9 
0.00159–

0.0211 
162 / 86 0.0382 – – 119 / 67 

kon 
L/(nmol·

h) 
1 (fixed) – – – 1 (fixed) – – – 

koff 1/h 0.1 (fixed) – – – 0.1 (fixed) – – – 

kdeg 1/h 0.1 (fixed) – – – 0.1 (fixed) – – – 

Residual 
SD 

log 
scale 

0.197 – – – 0.221 – – – 

OFV: Part A 4005.5 (744 observations, 72 profiles); Part B 4890.7 (679, 71). 

The goodness-of-fit plots showed no systematic trend in CWRES over time (Spearman ρ 0.06 and 0.01) 

and CWRES means near zero (0.02 and -0.01; SD 0.98 and 1.02) (Fig. 4). Population predictions were 

more dispersed in Part B, which is consistent with its larger between-profile variability. In the VPCs (Fig. 5), 

21% (Part A) and 43% (Part B) of the observed percentile points fell outside the simulated 95% CIs, which 

exceeds the heuristic threshold of 20%. Discrepancies concentrated in the outer percentiles and in late 

time bins: the pooled model reproduced the median profile but not the spread of heterogeneous molecules. 

Part A raised 0 critical and 4 warning flags; Part B raised 1 critical and 4 warning flags. 



 

Fig. 4 Goodness of fit of the FOCEi models. Observed concentrations against population (a, d) and individual (b, e) 
predictions with the line of identity and a two-fold band (shaded); CWRES against time with a binned median (c, f) for 
Part A (top) and Part B (bottom). 

  



 

Fig. 5 Dose-normalised visual predictive checks stratified by route (200 replicates) for Part A (a, b) and Part B (c, d). 
Points, observations; solid and dashed lines, observed median and 5th/95th percentiles; shaded, simulated 95% CIs 
of the median (coloured) and of the 5th/95th percentiles (grey). Axes are limited to the observed range; in c the lower 
simulated interval extends below the plotted range in late bins. 

Out-of-part prediction 

Each part’s model was used to predict the other part’s unseen molecules (Fig. 6, Table 3). The Part A 

model predicted Part B with an MFE of 1.29 (76% of observations within two-fold; 90% PI coverage 75%). 

The Part B model predicted Part A with an MFE of 1.35 (84% within two-fold; coverage 97%). IV profiles 

transferred better than SC profiles. For the Part A model applied to Part B SC profiles, the MFE was 1.80 

and the 90% PI coverage was 46%. The higher coverage of the Part B model reflects its wider between-

profile variance (ω² for CL 0.38 vs. 0.07) rather than more accurate central predictions. For reference, the 

Part A and Part B models fitted their own data with population-prediction MFEs of 1.21 and 1.30. 



 

Fig. 6 Out-of-part prediction of unseen molecules. a Part A model predicting Part B; b Part B model predicting Part A. 
Observed concentrations against population predictions for IV (circles) and SC (triangles) profiles, with the line of 
identity and a two-fold band (shaded). The legend reports the median fold error (MFE), the fraction within two-fold and 
the 90% prediction-interval coverage by route. 

  

Table 3 Out-of-part prediction of unseen molecules from population parameters (typical values, Ω and residual SD; 
200 simulation replicates). MFE, median fold error; PI, prediction interval. 

Model → data Route n obs MFE 
Median log 

error 
Within 2-

fold 

Within 3-
fold 

90% PI 
coverage 

Part A → Part B All 679 1.29 -0.1 76% 89% 75% 

Part A → Part B IV 514 1.23 -0.05 83% 93% 84% 

Part A → Part B SC 165 1.8 -0.41 55% 79% 46% 

Part B → Part A All 744 1.35 0.24 84% 93% 97% 

Part B → Part A IV 561 1.32 0.26 86% 95% 98% 

Part B → Part A SC 183 1.46 0.13 77% 90% 96% 
 

Planner evaluation (H4) 

In the default setting, both arms reached the same optimum in 5/5 replicates, with identical numbers of 

attempts (4). This agreement was uninformative: the stopping rule was met within the first round of user 

and Latin hypercube starts, which both arms share, so the adaptive planner issued 0 proposals. In the 

stress setting, the adaptive planner made 10 proposals (local perturbations, a boundary-escape start and 

exploration points) across the replicates. Both arms again reached equivalent optima in 5/5 replicates with 

equal numbers of attempts. Wall time was lower for the adaptive arm in 5/5 replicates (mean difference -



18 s, SD 24 s; two-sided sign test p = 0.06; Fig. 7b,c), a small difference relative to the 208 s mean run 

time that five replicates cannot establish as systematic. No analyst intervention was required in any run. 

 

Fig. 7 Calibration behaviour and planner evaluation. a Relative excess of each successful calibration attempt over the 
best objective of its run (crosses, failed attempts; dashed line, 0.1% reproduction tolerance). b, c Paired calibration 
wall time of the fixed Latin hypercube multistart and the adaptive rules planner across replicated simulated datasets in 
the default and stress settings. 

Discussion 

Using deterministic rules-based planning, Kratos automated the full path from a raw concentration–time 

file to a population TMDD fit, diagnostics and a reproducible report, without analyst intervention, and made 

each step inspectable. The verification studies supported three of the four sub-hypotheses. Accuracy (H1) 

was supported for typical parameters on simulated data with known truth. Numerical reliability (H2) was 

supported by agreement between independent solvers well within the prespecified tolerance, by the test 

suite, and by the way real-data problems surfaced: in Part B, the boundary estimate of ݇௜௡௧ (warning) and 

the failed covariance step (critical flag) were reported, not silently repaired. Reproducibility (H3) was 

supported by identical repeated executions and by regeneration of every output from saved artifacts. The 

efficiency claim (H4) was not supported, as discussed below. 

The mAb application illustrates both the value and the limits of automation. Two independently analysed, 

molecule-disjoint subsets gave consistent linear disposition and absorption parameters, and each 

predicted the other’s unseen molecules with median fold errors of about 1.3, which is useful for prior-

informed planning of first-in-human studies [43]. The same analysis showed that ݇௜௡௧ and ܴ0 were not 

identifiable from pooled, drug-only mean profiles with fixed generic binding constants. This was expected 

from the structure of the problem: free-drug data alone constrain target-mediated parameters only when 

the profiles span the nonlinear range with sufficient density, and target capacity differs between molecules 

[7, 9]. In this setting, a workflow that reports high RSE, high shrinkage, boundary estimates and a failed 

covariance step—rather than presenting a converged fit as final—behaves as a careful analyst should. 

The appropriate next model revision, such as a quasi-steady-state or Michaelis–Menten 



reparameterisation, fixing ݇௜௡௧, or molecule-level random effects on target parameters, is a scientific 

decision. Kratos records such a decision as a new template version but deliberately does not make it. 

Model-search frameworks such as pyDarwin and Pharmpy-based automatic model development optimise 

over structural and statistical model space [16, 18]. PKGPT extends agentic automation to iterative 

NONMEM model development with an LLM and human-expert benchmarks [24]. GRASP demonstrates 

graph-mediated construction and modification of mechanistic QSP models, including TMDD, with 

execution and consistency checks [25]. Kratos contributes an integrated workflow for calibrating and 

estimating a fixed, approved full TMDD model: schema-validated actions connect bounded multistart 

calibration to nlmixr2 FOCEi, diagnostics and reporting, while saved attempts, numerical cross-checks and 

explicit failure flags make the analysis inspectable. The contribution therefore centres on the integrated 

estimation workflow and its verification. No head-to-head comparison with PKGPT or GRASP was 

performed, so superiority over those systems is not established. The reported evidence concerns the 

deterministic rules-based implementation; compatibility with an optional LLM planner is an architectural 

feature, not a demonstrated LLM capability. This design supports traceability expectations in 

pharmacometric analysis [14, 23]. Storing figure data, seeds and hashes alongside each result also 

supports FAIR reuse of analyses [44]. 

The planner results argue for caution. In the default setting, the arms were indistinguishable by 

construction, because the stopping rule was met before any adaptive proposal was made. In the stress 

setting, the adaptive planner was exercised for a single round and reached the same optima as Latin 

hypercube multistart with the same number of attempts. Two explanations are likely. First, a bounded 

trust-region optimiser started from a space-filling design is already a strong baseline for a low-dimensional, 

smooth objective. Second, the adaptive heuristics are designed for failure modes—boundary solutions 

and numerically failing regions—that were rare here. The value of the agentic layer in this version 

therefore lies in orchestration, validation and record keeping rather than in faster optimisation, and the 

claim of reduced analyst effort rests on the elimination of manual steps rather than on a measured 

comparison with analysts. 

This study has limitations: 

• Aggregate data. The mAb data are published mean profiles. The fits are therefore pooled, cross-

molecule descriptions of a “generic” antibody rather than population PK analyses of any product, 

and their variance components and standard errors must not be interpreted at the patient level. 

• Data harmonisation and source metadata. The dataset provenance and digitisation methods 

are documented in the companion manuscript [36], but Kratos used configuration-declared input 

units and a common molecular weight, free-drug observation model, bolus approximation for IV 

doses and drug-naive target baseline. These settings should not be interpreted as verified 

molecule- or study-specific assay, molecular-weight, infusion-duration or target metadata. 



• VPC. The VPC was not prediction-corrected, and it indicated that the spread of the pooled data 

was not reproduced. 

• Censored data. Censored observations are currently rejected rather than modelled. 

• Limited recovery study. Parameter recovery was evaluated on a single simulated dataset with a 

small bootstrap, not on a replicated simulation–estimation study, because each FOCEi fit took 

tens of minutes on the workstation used. 

• Planner evaluation. The empirical comparison was restricted to rules-based calibration. The 

optional LLM interface was tested only with mocked responses; no live LLM was evaluated for 

proposal quality, recovery from failures, reproducibility or added benefit. 

• Analyst effort. No study measured analyst time against a manual workflow. 

Future work will add censored-data likelihoods, prediction-corrected VPCs, versioned TMDD 

approximations selectable through recorded decisions, replicated simulation–estimation studies, a 

prospective comparison with manual analyses and a separately specified evaluation of a live LLM planner 

against the rules-based baseline. 

Conclusions 

This proof-of-concept evaluation shows that a constrained, auditable agentic workflow using deterministic 

rules-based planning can carry TMDD analyses from raw data to population estimates and reports without 

analyst intervention, recover known parameters, and keep numerical failures visible and traceable. In this 

evaluation, its benefit came from automation, validation and provenance rather than from faster 

optimisation. Applied to pooled human mAb mean profiles, it produced consistent, transferable linear PK 

and absorption parameters and correctly signalled that target-mediated parameters were not identifiable 

from these data. The optional LLM planner remains unevaluated, and the findings do not establish LLM-

driven modelling performance. 
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Online Resources 

Online Resource 1. Molecule composition of Part A and Part B (online_resource_1_split.csv). 

Online Resource 2. Cross-engine agreement by case, automated test-suite summary, complete 

calibration attempt histories and planner-evaluation details. 
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